Abstract-Texture Analysis plays an important role in the interpretation, understanding and recognition of terrain, biomedical or microscopic images. To achieve high accuracy in classification the present paper proposes a new method on textons. Each texture analysis method depends upon how the selected texture features characterizes image. Whenever a new texture feature is derived it is tested whether it precisely classifies the textures. Here not only the texture features are important but also the way in which they are applied is also important and significant for a crucial, precise and accurate texture classification and analysis. The present paper proposes a new method on textons, for an efficient rotationally invariant texture classification. The proposed Texton Features (TF) evaluates the relationship between the values of neighboring pixels. The proposed classification algorithm evaluates the histogram based techniques on TF for a precise classification. The experimental results on various stone textures indicate the efficacy of the proposed method when compared to other methods.
I. INTRODUCTION
Texture is regarded as a "fuzzy" concept with no mathematical or comprehensive definition agreed upon yet. The term of texture is a somewhat misleading term in computer vision, which is not the normal meaning of the word. One can recognize textures but it is very difficult to describe. There is no unique and precise definition of texture. Some texture features classifies precisely the textures based on a specific method, where as the same texture features may fail in classifying the objects based on a different method.
Textures characteristic intensity (or color) variations typically originate from roughness of object surfaces. There is simply no singly accepted definition for texture [1, 2] . Originally the term 'texture' is adopted from textiles, where it refers to the weave of various threads loose or tight, even or mixed [3] . It intrinsically provides structural information to the interpreter, in the form of the spatial arrangement of objects, region discrimination, surface orientation, and shape in 2 and 3-D environments [4, 5, 6, 7] .
Classification refers to as assigning a physical texture object or incident into one of a set of predefined categories. Texture classification assigns a given texture to some texture classes [8, 9, 10, 11, 12, 13, 14, 15] . Two main classification methods are supervised and unsupervised classification. Supervised classification is provided examples of each texture class as a training set. A supervised classification is trained using the set to learn a characterization for each texture class. Unsupervised classification does not require prior knowledge, which is able to automatically discover different classes from input textures. Another class is semi-supervised with only partial prior knowledge being available.
Study of patterns on textures is recognized as an important step in characterization and classification of texture. Various approaches are existing to investigate the textural and spatial structural characteristics of image data, including measures of texture [16] , Fourier analysis [17] , fractal dimension [18] , variograms [1, 19, 20, 21] and local variance measures [22] . Fourier analysis is found as the most useful when dealing with regular patterns within image data. It has been used to filter out speckle in radar data [23] and to remove the effects of regular agricultural patterns in image data [23] . Study of regular patterns based on fundamentals of local variance was carried out recently [24] . Various pattern based texture classification methods are proposed using wavelets [25, 26, 27] classification methods based on texture units and spectrum also resulted a good classification [ 31, 32 ] . But the main disadvantages of some of these methods are the high range of texture unit numbers. Recently Stone Texture Classification Based on Primitive Pattern Units (PPU) [33] is also studied. These Primitive Pattern Units evaluate a new method of classification of stone textures based on frequency of occurrences of PPU's with surrounding grain components on a 3×3 mask. Good texture classification results are obtained using PPU.
Based on the assumption that the regular textures are composed of several patterns, the present study attempted to classify various stone textures based on texton pattern trends, which is different from the earlier studies. In this work, classification accuracy can refer to the percentage of correctly classified texture samples.
The rest of the paper is organised as follows. Section 2 describes texton feature evaluation method. Experimental results and comparison the results with other methods are discussed in section 3 and conclusions are given in section 4.
II. TEXTON FEATURE EVALUATION METHOD
Various algorithms are proposed by many researchers to extract color, texture and other features. Color is the most distinguishing important and dominant visual feature. That's why color histogram techniques remain popular in the literature. The main drawback of this is, it lacks spatial information. Texture patterns can provide significant and abundance of texture and shape information. One of the features proposed by Julesz [25] called texton, represents the various patterns of image which is useful in texture analysis. The proposed method consists of four steps which are listed below. In the first step of the proposed TF evaluation, the color image is converted in to grey level image by using any color quantization method. The present paper used RGB color quantization method as described below.
Step 1: Color Quantization of 7-bit Binary Code During the course of feature extraction, the original images are quantized into 128 colors of RGB color space and the color gradient is computed from the RGB color space and then the statistical information of textons is calculated to describe image features. In order to extract gray level features from color information, the proposed T&TO-CM utilized the RGB color space which quantizes the color space into 7-bins to obtain 128 gray levels. The index matrix of 128 color image is denoted as C(x, y). The RGB quantization process is done by using 7-bit binary code of 128 colors as given in Eqn. (1) .
where 
Therefore, each value of C(x, y) is a 7 bit binary code ranging from 0 to 127.
Step 2: Texton detection Textons [34, 35] are considered as texture primitives, which are located with certain placement rules. A close relationship can be obtained with image features such as shape, pattern, local distribution orientation, spatial distribution, etc.., using textons. The textons are defined as a set of blobs or emergent patterns sharing a common property all over the image [34, 35] . The different textons may form various image features. To have a precise and accurate texture classification, the present study strongly believes that one need to consider all different textons. That is the reason the present study considered all. There are several issues related with i) texton size ii) tonal difference between the size of neighbouring pixels iii) texton categories iv) expansion of textons in one orientation v) elongated elements of textons with jittered in orientation . By this some times a fine or coarse or an obvious shape may results or a pre-attentive discrimination is reduced or texton gradients at the texture boundaries may be increased. To address this, the present paper utilized four texton types on a 2×2 grid as shown in figure 1(a) . In figure 1(a) , the four pixels of a 2×2 grid are denoted as V 1 , V 2 , V 3 and V 4 . If two pixels are highlighted in gray color of same value then the grid will form a texton. The six texton types denoted as TP 1 , TP 2 , TP 3, TP 4 , TP 5 and TP 6 are shown in figure 1(b) to 1(e). The working mechanism of texton detection for the proposed method is illustrated in figure 2.
Step 3: once the textons are identified, the present paper evaluated the frequency of occurrences of all six different textons as shown in Figure1 with different orientations.
To have a precise and accurate texture classification, the present study considered sum of the frequencies of occurrences of all six different textons as shown in Figure1 on a 2×2 block.
Step 4: In step four the sum of frequency of occurrences of blob texton patterns are evaluated. The blob texton pattern and working mechanism is shown in figure 3 and figure 4 respectively. 
RESULTS AND DISCUSSIONS
The present paper carried out the experiments on various Brick, Granite, Marble and Mosaic textures each of size 256×256 collected from Brodatz textures, Vistex and also from natural resources from digital camera. Some of them are shown in Figure 5 . The sum of frequency of occurrence of six texton patterns of each input texture image is listed out in Table  I. The Table 1 and the classification graph of Figure6 , indicates a precise and accurate classification of the considered stone textures. figure 6 Classification graph of stone textures based on sum of the occurences of TF.
The frequency of occurrence of blob texton features are listed in Table 2 . The plotted graph of the The proposed texton feature detection is compared with Syntactic Pattern on 3D method [36] and Primitive Pattern Unit approach [22] methods. The above methods classified stone textures into two groups only. This indicates that the existing methods [12, 27] failed in classifying all stone textures. Further the present paper evaluated mean classification rate using k-nn classifier. The percentage of classification rates of the proposed method and crashes methods [7, 13] figure 9 Comparison graph of proposed and existing systems.
IV. CONCLUSIONS
Textons are considered as texture primitives. The different textons may form various image features. Based on the texton features the present paper evaluated a classification feature which is rotationally invariant. The proposed TF evaluates the relationship between the values of neighboring pixels. The proposed classification algorithm evaluates the histogram based techniques on TF for a precise classification. The proposed method is computationally attractive as it computes different TF with limited number of selected pixels. The present paper proposed two methods to classify the textures among the class of textures based on Texton features. The graphs plotted based on occurrences of texton patterns clearly classifies and recognizes Brick, Marble, Granite and Mosaic textures precisely. The recent stone texture Classification methods failed in classifying all the stone textures precisely.
